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Background. The effects of school socio-economic composition on student achieve-
ment growth trajectories have been a hot topic of discussion among politicians around the
world formany years. However, the bulk of research investigating school socio-economic
composition effects has been limited in important ways.
Aims. In an attempt to overcome the flaws in earlier research on school socio-
economic composition effects, this study used data froma large sample, followed students
throughout primary education, addressed selection bias problems, identified the grade(s)
in which school socio-economic composition mattered the most, and studied the
differential effects of school socio-economic composition by individual socio-economic
status (SES).
Sample. In a longitudinal design with seven occasions of data collection, the
authors drew on a sample of N = 3,619 students (age at T1 about 5 years, age at T7
about 12 years) from 151 primary schools in Flanders (the northern part of
Belgium).
Method. Students in low-, medium-, high-, and mixed-SES schools were matched using
propensity scores. To compare students’ achievement growth trajectories in the
different school compositions, multilevel regression modelling with repeated measure-
ments was applied.
Results. The results showed that students had more positive achievement growth in
high-SES as compared to low-SES and mixed-SES schools. In two of the three
comparisons, students in mixed-SES schools showed the lowest math development.
The negative effects of mixed-SES schools on math achievement growth were the
strongest for high-SES students.
Conclusions. Our findings contribute to the ongoing discussion on the effects of school
socio-economic composition on student achievement growth.
*Correspondence should be addressed to Barbara Belfi, Research Centre for Education and the Labour Market, Maastricht
University, P.O. Box 616, 6200 MD Maastricht, The Netherlands (email: b.belfi@maastrichtuniversity.nl).
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Ever since the famous 1966 Coleman report concluded that ‘the social composition of the
student body is more highly related to achievement, independent of the student’s own
social background, than is any school factor’ (Coleman et al., 1966, p. 325), school socio-
economic composition has been a popular research subject in the field of educational
effectiveness research (Hattie, 2002). It has also been a topic of interest for politicians
around the world who fear that large proportions of socio-economically disadvantaged
students in schools will have a detrimental effect on the educational trajectories of all
students attending such schools. In particular, in Flanders, the Dutch-speaking part of
Belgium, where socio-economic school segregation is very high compared to other
Western countries, disparities in school socio-economic composition have been a major
cause for concern (Jacobs, Rea, & Teney, 2009; OECD, 2010). As such, school socio-
economic desegregation has often been proposed as a policy lever to address socio-
economic disparities in education.
Over the past few decades, a multitude of research has focussed on socio-economic
composition effects in primary schools. However, this research has been limited in a
number of ways. In particular, three issues have been largely neglected in school
compositional research. First, it is problematic that most studies investigating primary
school socio-economic composition effects have been cross-sectional or have used a pre/
post-design (Agirdag, Van Houtte, & Van Avermaet, 2012; Battistich, Solomon, Kim,
Watson, & Schaps, 1995; Driessen, 2002; Dumay & Dupriez, 2008; Opdenakker, Van
Damme, De Fraine, Van Landeghem, & Onghena, 2002; Peetsma, Van der Veen,
Koopman, & Van Schooten, 2006; Strand, 1997; Van der Slik, Driessen, & De Bot, 2006;
Willms, 2010). Research investigating the long-term effects of primary school socio-
economic composition is scarce (Belfi et al., 2014; Guldemond & Bosker, 2009;
Verhaeghe, Van Damme, & Knipprath, 2011). Moreover, this research only seldom
identifies the grade(s) inwhich the achievement gaps between students attending schools
with different socio-economic compositions decrease or increase. However, knowing in
which grades school socio-economic composition matters the most is important as it
enables both practitioners and policymakers to more efficiently tackle achievement gaps
associated with school socio-economic composition.
Second, there is a lack of research examining whether school socio-economic
composition effects hold equally for different groups of students. Research using a pre/
post-design has already indicated that although a high percentage of low-socio-economic
status (SES) students in schools negatively affected high-SES students’ achievement, it
positively affected low-SES students’ achievement (Peetsma et al., 2006). Thus, it is
possible that low-SES schools are ultimately not as detrimental to low-SES students’ long-
termeducational development as is often thought. Such information ondifferential effects
of school composition would be valuable for policymakers proposing school desegre-
gation as a strategy to raise low-SES students’ educational performance. However, to date,
no lines of research have investigated this.
A third and final hiatus in school socio-economic composition research involves the
methodology used. Most scholars investigating school composition effects use multilevel
regression models in which they control a number of student- and school-related
covariates. However, this analytic approach does not optimally controls for selection bias
problems, as regression models extrapolate over portions of the covariate space where
there are no data (Gelman & Hill, 2007). As such, regression models may over- or
underestimate effects by making comparisons in sections where there is no clear
counterfactual for either group. As a result, we are unable to decide whether a widening
achievement gap between schools with different socio-economic composition is a result
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of the socio-economic composition of the school or whether it is simply the result of
previously existing differences among students (Retelsdorf, Becker, K€oller, & M€oller,
2012). Onemethodology that is more suitable to identify comparable individuals, address
selection bias, and estimate causal effects is propensity score matching (Rosenbaum &
Rubin, 1983). Unlike regression analyses, this method does not rely on partialing out
explanatory covariates from the outcome measures. Instead, it directly controls the
assignment process for individuals and models this process instead of the outcome
(Schafer & Kang, 2008). To our knowledge, primary school socio-economic composition
effects have not been explored by means of propensity score matching so far.
Present study
In an attempt to overcome the aforementioned flaws in the research literature on primary
school socio-economic composition, this study uses data from a large sample, follows
students throughout primary education, addresses the problem of selection bias using
propensity score matching, identifies the grade(s) in which school socio-economic
composition matters the most, and studies the differential effects of school socio-
economic composition by individual SES. Based on these aspects, the following research
questions were formulated:
1. What are the long-term effects of primary school socio-economic composition on
students’ mathematics achievement growth?
2. Are the long-term effects of primary school socio-economic composition different for
students with different individual SES levels?
Method
Sample
The data used in this study stem from the SiBO project (i.e., the Dutch acronym for School
Trajectories in Primary Education; Maes, Ghesquiere, Onghena, & Van Damme, 2002), a
large-scale longitudinal research project designed to describe and explain interindividual
differences in students’ developmental trajectories throughout primary education in
Flanders. The SiBO project involved a nationally representative random sample of 120
schools which was extended with an oversampling of 31 schools with a high percentage
of low-SES students. The SiBO data set includes observations from a total of N = 3,619
students in 151 schools. Because students were tested at different time points during the
period from 2002 to 2009, the total sample size differed for each measurement occasion
(see Table 1). Students who repeated a grade or changed school were included in the
analyses until the moment of grade repetition or school changing took place, as these
students are part of the Flemish school reality.1
Main study variables
Both student-level and school-level variableswere studied. All variableswere standardized
to have amean of zero and a standard deviation of one to express the parameter estimates
in effect size units. Below, the main study variables are described.
1 Preliminary analyses showed that the percentage of students that were retained or changed school did not vary by school SES
type.
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Student SES
Student SES was constructed using five indicators: (1) educational level of the father, (2)
educational level of the mother, (3) occupation of the father, (4) occupation of the
mother, and (5) family income. Information on these indicators was drawn from the
parent questionnaire that was administered in kindergarten (school year 2002–2003).
Next, one factor scorewas calculated using confirmatory factor analysis. Estimation of the
measurement model indicated a good fit, v2(27) = 1811.49, p < .01; TLI = .96;
CFI = .97; RMSEA = .01 (Hu & Bentler, 1995). The completely standardized factor
loadings ranged between .75 and .85 and were significant (p < .001). This variable’s
internal consistency was good (Cronbach’s a = .82). To test whether student SES
remained stable over time and could be regarded as a time-invariant variable, we
calculated the Pearson correlation between two SESmeasures: (1) the SES measure that is
used in this study and which was constructed on the basis of information drawn from the
parent questionnaire that was administered in kindergarten (school year 2002–2003) and
(2) a similar SES measure based on the parent questionnaire administered in Grade 4
(school year 2006–2007). These two SES measures were found to be highly correlated
(r = .89, p < .001). Furthermore, in Table 2, the Pearson correlations between the
separate SES indicators of school year 2002–2003 and 2006–2007 are shown. The
correlations range between .69 (occupation of the father) and .89 (educational level of the
mother) and are significant (p < .001), further indicating that there was low social
Table 2. Pearson correlations between the indicators of the socio-economic status (SES) variable of
school 2002–2003 and the SES variable of 2006–2007
School year 0203 – School year 0607
1. Educational level of the father .87***
2. Educational level of the mother .89***
3. Occupation of the father .69***
4. Occupation of the mother .71***
5. Family income .75***
Note. ***p < .001.





















Grade 1 10 167 105 2,644 14 226 34 582
Grade 2 10 146 101 2,394 8 188 30 516
Grade 3 10 123 98 2,142 7 181 30 463
Grade 4 9 99 96 2,004 8 169 30 418
Grade 5 10 88 99 1,892 7 159 29 387
Grade 6 10 80 96 1,765 9 148 30 340
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mobility over the 4 years and that student SES could be regarded to be time-invariant
indeed.
School socio-economic composition
School socio-economic composition was defined by the percentage of low-, medium-, or
high-SES students in the school in the school year 2002–2003. In Flanders, schools with a
high share of low-SES students are commonly named ‘concentration schools’, which is a
pejorative term. In terms of absolute thresholds, a school is called a ‘concentration school’
when it includes at least 50% low-SES students (Dors, Karsten, Ledoux, & Steen, 1991;
Driessen, 2002). Hence, to test the possible differential effects of school socio-economic
composition, fourmeaningful categorieswere distinguished: (1) low-SES schools (schools
with ≥50% low-SES students), (2) medium-SES schools (schools with ≥50% medium-SES
students), (3) high-SES schools (schools ≥50% high-SES students), and (4) mixed-SES
schools (all schools that do not fit the qualifications for the other three school types). Low-
SES students were defined as students with a SES of 1 SD or more below the average (i.e.,
mean); high-SES students were defined as students with a SES of 1 SD or more above the
average; and medium-SES students were defined as students with an average SES (a SES
between1 SD and+1 SD). The descriptive statistics of the resulting four school SES types
are shown in Table 3. To confirm that school SES was a time-invariant variable, we
calculated the Pearson correlation between themean school SES in the school year 2002–
2003 and the mean school SES in the school year 2006–2007. As this correlation was high
(r = .95, p < .001), we concluded that school SES was stable over time.
Gender
Student gender was registered by means of a dummy variable. Girls were coded 0, and
boys were coded 1.
Age
Student age was registered at the beginning of kindergarten (in months).
Math achievement
Student math achievement was examined through curriculum-based math achievement
tests that were especially designed for the SiBO study (Cortois, Van Droogenbroeck,
Verachtert, & Van Damme, 2011). In grades 1–6, math achievement tests were
administered to all students at the end of each school year. Each math achievement test
consisted of 50–80 items, covering the following domains inmathematics: number sense,
Table 3. Descriptives of the average socio-economic status (SES) of the four school SES types
N M SD Min Max
Low-SES schools 167 1.10 0.52 2.19 0.79
Medium-SES schools 2,644 0.03 0.83 2.36 2.07
High-SES schools 226 0.59 0.86 1.87 2.07
Mixed-SES schools 582 0.14 1.02 2.19 2.07
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number procedures, measurement, geometry, and applied math problem-solving.
Cronbach’s alpha coefficients ranged between .88 and .94 across all waves, indicating
high internal consistency. Importantly, after administration, students’ scores on all test
items were vertically linked based on common items using a three-parameter IRT model
with Bayes model estimates (Verhaeghe, 2010). Based on this equation, students’ raw
mathematic scores could be converted tomath IRT h scoreswith a commonmetric. These
IRT h scores were used in this study, allowing us to compare students’ math performance
across grades and across time.
School ethnic composition
School ethnic composition was operationalized as the percentage of non-Western
students in each school. FollowingDriessen (2002), Belfi et al. (2014) andBelfi,Gielen,De
Fraine, Verschueren, andMeredith (2015),weused the birthplace of a student’smother to
assess student ethnicity. Students whose mother was born in a Western country (i.e.,
Western Europe, the United States, and Australia) were coded 0, and students whose
mother was born in a non-Western country were coded 1. To confirm that school ethnic
compositionwas a time-invariant variable,we calculated the Pearson correlation between
the percentage of non-Western in the school year 2002–2003 and the percentage of non-
Western in the school year 2006–2007. As this correlation was high (r = .94, p < .001),
we concluded that school ethnic composition was stable over time.
School achievement composition
School achievement composition was operationalized as the school-level aggregation of
student achievement on a pre-mathematic test for kindergarteners Cortois et al., 2011;
Cronbach’s a: .93) at the end of the school year 2002–2003. To confirm that school size
was a time-invariant variable, we calculated the Pearson correlation between aggregated
mathematic scores in the school year 2002–2003 and the aggregated mathematic scores
the school year 2006–2007. As this correlation was high (r = .72, p < .001), we
concluded that school achievement composition was stable over time.
School size
School size was measured as the total number of students enrolled in the school at the
beginning of the school year 2002–2003. To confirm that school size was a time-invariant
variable, we calculated the Pearson correlation between the school size in the school year
2002–2003 and the school year 2006–2007. As this correlation was high (r = .92,
p < .001), we concluded that school size was stable over time.
Missing data
Missing data present a considerable practical problem in all longitudinal research,
including this study. Data were missing because students were absent, because some
schools decided not to participate at a certain time point, or because teachers or parents
did not return the questionnaires. In this study, therewas an average of 23.7%missing data
across all points of measurement. Under the missing at random condition (MAR)
condition, the missingness mechanism is ignorable. However, the MAR distribution is a
strong assumption and it is impossible to testwhether this condition is satisfied, except by
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gathering data from non-respondents (Pinxten, De Fraine, Van Damme, & D’Haenens,
2010; Schafer & Graham, 2002). Nonetheless, even if the data are not MAR, multiple
imputation is thought to producemore accurate estimates of population parameters than
would be obtained if listwise deletionswere used (Schafer&Graham, 2002). Therefore, to
take advantage of all data provided by the participants, multiple imputation was applied.
Missing valueswere imputedusing the STATA implementation (ICE, Royston, 2004) of the
MICE program (Van Buuren & Groothuis-Oudshoorn, 2011). All variables were used as
predictors for the other variables, with exception of the outcome variable, whichwas not
used to impute pre-treatment variables (Langenski€old, 2005). In total, five complete data
setswere generated,with themissing values being replaced by plausible values. After data
imputation, matching was conducted for each of the imputed data sets separately.2
Analyses
Propensity score matching
Propensity score matching has become an increasingly popular approach to control for
potential selectionbias (Rosenbaum&Rubin, 1983). Throughpropensity scorematching,
we can estimate the average treatment effect (ATT) on the treated rather than the average
treatment effect (ATE; e.g., Imai, King, & Stuart, 2008). In this study, the ATE characterizes
the average effect of attending a certain school SES type on all students, even those who
would never attend such a school SES type. However, by applying propensity score
matching, we are able to analyse the effect of attending a certain school SES type only on
those students who would typically attend such a school SES type. The propensity score
represents the conditional probability of receiving a treatment given observable
characteristics selecting individuals into treatment (Rosenbaum & Rubin, 1983). In the
present research, the propensity score is the conditional probability of being enrolled in
one of the four school SES types (i.e., low-, medium-, high-, or mixed-SES school), rather
than in one of the three other school SES types, given a set of 17 observed covariates. Prior
empirical research was used to identify background characteristics that increase a child’s
probability of being enrolled in either one of the four school SES types. This set of
background characteristics was comprised of demographics (gender, age), social
background indicators (educational level of mother and father), ethnic background
(birth country of student, mother, father, maternal and paternal grandparents; language
spoken at home), prior achievement (language and math achievement score at the end of
the final kindergarten grade; information on whether the student was advised to follow
special education at the end of the final kindergarten year), and family situation indicators
(information regarding whether the student was adopted and lived together with both
his/her parents). Information on the covariates was gathered from several achievement
tests and the parent questionnaire administered in the final year of kindergarten. Prior to
estimating the propensity scores, simple t-test statistics were used to determine whether
mean differences in background characteristics of students enrolled in the four school SES
types were statistically significant. Table 4 summarizes the findings regarding the
differences in background characteristics between students attending low-SES, medium-
SES, high-SES, and mixed-SES schools. As the t-test results in Table 4 show, students
2 To ensure that the multiple imputation approach was appropriate, we compared the analyses with and without the imputed
indicators in the equations. In both types of analysis, all parameters showed very similar results. Based on this ‘sensitivity’ analysis, it
is likely that we properly handled the missing data challenge using multiple imputation.
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enrolled in the four school SES types differed significantly onmost covariates. Tomitigate
the impact of these covariates, propensity score matching was applied.
Propensity score matching is a two-stage process. Stage 1 involves estimating the
propensity score. In this study, a logistic regression model predicting the probability for a
student to be enrolled in either a low-, medium-, high-, or mixed-SES school rather than in
the other three school SES types was estimated according to the 17 observed covariates.
This predicted odds value became the propensity score on which students enrolled in a
given school SES type were matched to similar students enrolled in one of the other three
school SES types. Stage 2 entails the actual matching of the treated group (in our case:
students enrolled in one of the four school SES types) to the non-treated groups (in our
case: students enrolled in one of the other three school SES types) in such a way that the
students in the four school SES types are equivalent on the observed covariates included in
the propensity score. Students in the four school SES type groupswerematched using the
kernel matching approach, by means of the psmatch2 routine in Stata (Leuven & Sianesi,
2003). Kernel matching uses the whole sample of control individuals at each time but
weights the observations depending on the proximity to the target individual in the
treatment group. In kernel matching, the bandwidth parameter can be varied thus
changing the degree to which the discrete density distribution of the propensity score is
smoothed. Higher bandwidth parameters facilitate the inclusion of individuals (i.e., their
consideration as ‘similar’) and thus increase efficiency but risk higher bias (Harder, Stuart,
& Anthony, 2010). In this study, the lowest, most restrictive bandwidth parameter was
used (i.e., bw = .02) rather than the average (i.e., bw = .06) or a less restrictive value (i.e.,
bw = .12).
Estimation of the ATTs
To estimate the effect of attending a low-, medium-, high-, or mixed-SES school on
students’ mathematics growth trajectories, the growth trajectories of students attending a
certain school SES typewere compared with the growth trajectories of similar students in
oneof the other three school SES types bymeans ofmultivariate linear regression analyses.
As such, six comparative analyses were performed in which students in low-SES school
were compared with similar students in medium-SES schools (comparison 1), high-SES
schools (comparison 2), and mixed-SES schools (comparison 3); students in medium-SES
schools were compared with similar students in high-SES schools (comparison 4) and
mixed-SES schools (comparison 5); and students in high-SES schools were compared with
similar students in mixed-SES schools (comparison 6).
Student achievement growth was analysed by fitting a three-level, repeated-
measurements model using Stata 14 (StataCorp, 2015). A major advantage of conducting
multilevel analyses with repeated measures is that these analyses do not require the same
number of measurement occasions for each individual subject (Snijders & Bosker, 2012).
Hence, students only had to participate in at least one measurement occasion to be
included in the analyses. In each three-level model, students were nested within schools
and measurement occasions were nested within students. As it is very well possible that
student achievement growth differs from grade to grade, we opted for a saturated
piecewise growth curve modelling approach, in which the total amount of achievement
growth is divided into separate ‘growth phases’ based on a difference score between two
measurement occasions. Because we only had two measurement occasions per ‘growth
phase’, it was impossible to estimate the variance between two measurement occasions
within pupils. Growth trajectories were thus estimated. The intercept in the growth
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model denotes the average achievement score at the end of Grade 1, and the following
regression coefficients each represent a ‘growthphase’ for each set of following grades. As
such, the model consisted of five growth phases (see Figure 1). The coefficients for the
intercept and the growth phases were set randomly at both the student and school levels,
thereby allowing for the estimations of achievement differences between students and
between schools. To estimate the impact of school socio-economic composition,
interaction terms were included in the models. Figure 1 shows the measurement
occasions and the accompanying growth phases.
As indicated by Willms (2006, 2010) and Manski (2000), it is vital to take into account
selection effects when examining compositional effects. A selection effect occurs when
students with similar characteristics tend to be clustered in similar schools. To ensure that
possible effects of school socio-economic composition are only due to the socio-
economic make-up of the school and not to other school composition types closely
related to this type of composition, several control variables should be included in the
model. In this study, we include school achievement composition, school ethnic
composition, and school size as control variables, because previous researchhas indicated
that school socio-economic composition is associated with poorer school achievement
(Belfi et al., 2015), a higher proportion of ethnic minority students (Belfi et al., 2014,
2015), and a larger student population (VanMaele &VanHoutte, 2011). As these different
school composition types were only correlated moderately (see Table 5), it was
concluded including them simultaneously in themodel would not causemulticollinearity
problems.
Estimation of the ATTs for students with a different SES
In a third step of the analyses, an interaction term between individual student SES and
school SES was included in the models to investigate whether school socio-economic
composition has differential effects for student with different individual SES levels.
Results
Propensity score matching results
The success of the matching procedure was tested by the check of balance between the
treatment and control groups (whether matching homogenized the groups successfully)
and the inspection of the area of common support (whether comparable individuals are
available for thewhole sample or only in someparts of the propensity score distributions).
As an indication of a satisfying balance, Caliendo and Kopenig (2005) have indicated bias
after matching should be below 3–5%. Table 6 shows the results of the kernel matching
procedure. As can be seen, balance was only found in 2.94% of the terms, thereby
indicating that the matching was successful in terms of creating homogeneous groups.
Mathematics -…..…gp1…... ………gp2……….                 …………gp3…… ………gp4………. ………gp5…….
G1                   G2 G3                        G4 G5 G6
(mo 1)              (mo 2)       (mo 3) (mo 4) (mo 5) (mo 6)
Figure 1. Overview of the measurement occasions and the growth phases of mathematics. Note.
gp = growth phase; G = Grade; mo = measurement occasion.
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When comparing students within the area of common support that were used for
matchingwith those thatwere not used formatching, the bias between all groups alsowas
low (<5%). Thus, the results of the subsequent analyses may be taken for representative
for students within the area of common support.3
Analysis of the ATTs of school socio-economic composition
After homogenous groups were created by means of propensity score matching,
comparative analyses were performed in which the mathematic growth (Grade 1–Grade
6) of students in low-SES school was compared with similar students in medium-SES
schools (comparison 1), high-SES schools (comparison 2), and mixed-SES schools
(comparison 3); students in medium-SES schools were compared with similar students in
high-SES schools (comparison 4) and mixed-SES schools (comparison 5); and students in
high-SES schools were compared with similar students in mixed-SES schools (comparison
6). Table 7 summarizes the findings of these comparative analyses and presents the
standardized regression coefficients as calculated by Cohen’s d, while controlling the
data’s multilevel nature and other types of school composition.
With regard to comparisons between students in low-SES and medium-SES schools
(comparison 1), students in low-SES and mixed-SES schools (comparison 3), and students
in medium- and high-SES schools (comparison 4), no differences in math performance on
either the first measurement occasion or achievement growth were found. However,
among the other three comparisons, significant differences in student achievement
growth were found indeed. First, it was found that while students in high-SES schools
showed lower achievement at the first measurement occasion as compared to similar
students in low-SES schools (d = 6.87, p < .001), they showed significantly more
growth during the first (d = 10.72, p < .001) and second growth phase (d = 5.22,
p < .05), thereby surpassing their peers in low-SES schools by the end of Grade 6 (see
Table 8; comparison 3). Similarly, students in high-SES schools also showed more
achievement growth than comparable peers in mixed-SES schools (comparison 6).
Particularly, in the third growth phase, students in mixed-SES schools earned 2.31 points
(p < .05) less as compared to their akin peers in high-SES schools. Finally, students in
mixed-SES schools were found to achieve 2.97 points (p < .001) more than comparable
matches in medium-SES schools at the first measurement occasion (comparison 5).
However, during growth phase 1 (d = 2.48, p < .05) and growth phase 3 (d = 1.55,
Table 5. Pearson correlations for the school composition types
1. 2. 3. 4.
1. School socio-economic composition –
2. School ethnic composition .67*** –
3. School achievement composition .70*** .70*** –
4. School size .08*** .16*** .16*** –
Note. ***p < .001.
3 As advised byHarder et al. (2010), we performed differentmatching techniques to choose the one that yielded the best balance
of covariates and propensity scores (i.e., nearest neighbourmatching with and without replacement using the ratios 1:1 and 1:5 as
well kernel matching with the bandwidth parameters .06 and .12). The kernel matching approach with the bandwidth parameter
.02 proved to yield the best results.






























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Long-term achievement effects of school SES 515
p < .05), they grow less, thereby falling behind on their medium-SES school peers by the
end of Grade 6 (see Table 8).
Notably, in all three comparisons in which significant differences in achievement
growthwere found, school socio-economic composition appeared to have only an impact
on the achievement growth gained in the first 3 years of primary education. When we
compare the student math scores of the four school types at the end of primary education
(Grade 6) across all six comparisons, we find that, while there are large differences across
the different comparisons, on average, students in high-SES schools showed the highest
amount of achievement growth and students in mixed-SES schools the lowest (see
Table 8).4
While other school composition variables in the model are not the primary concern of
this article, it is worth mentioning that in none of the comparisons, ethnic school
composition was found to have an effect on mathematic achievement and development,
once school socio-economic composition was controlled for. School achievement
composition was in all the comparisons associated with higher achievement at the first
measurement occasion. Remarkably, school achievement was associated with less
achievement growth in comparisons 2 and 3, once school socio-economic composition
was controlled for. Finally, school size was only related to less achievement growth in
comparison 2.
Analysis of the differential ATTs of school socio-economic composition by individual
student SES
In a final step of the analyses, we tested whether the ATEs were different according to
one’s individual SES. The results of these differential analyses are presented in Table 9.
Only in comparisons 3 and 6, statistically significant differential effects by individual SES
were found. First, students with one 1 SD increase in their individual SES level, grew 2.22
points less during the third growth phase and in a mixed-SES than in a low-SES school, as
compared to students with an average SES (comparison 3). Likewise, students with one 1
SD increase in their individual SES level, grew 1.62 points less during the first growth
phase and in a mixed-SES than in a high-SES school, as compared to students with an
average SES. From these results, it becomes clear that that the higher the individual SES of a
student, the stronger the negative effects of mixed-SES schools on the math achievement
growth were (as compared to low- and high-SES schools).
Discussion
In the current study, we sought to examine the effect of school socio-economic
composition on children’s mathematical development during a period that is believed to
be most strongly influenced by socio-economic compositional aspects of the environ-
ment: theprimary school period. This is becauseprimary school entrance introducesmost
children to a more diverse social system for the first time in their lives. Until that point,
children spentmost of their timewithin the narrow family and community environments,
which are often socially homogeneous (Benner & Crosnoe, 2011). The results showed
4We also applied a doubly robustness check by controlling for all of the covariates that we used as predictors in the matching
procedure in the regression analyses. This technique has been found to make the estimation of the effects less sensitive to model
misspecification (Ho, Imai, King, & Stuart, 2007). However, as we did not find any parameter differences by applying this
robustness check, we chose to report the results of the simpler model, without the covariates as control variables.
























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Long-term achievement effects of school SES 519
that comparable students showedmore positive math achievement growth in high-SES as
compared to low-SES and mixed-SES schools. Furthermore, in two of the three
comparisons, students in mixed-SES schools showed the lowest math development.
More specifically, students in both high-SES and medium-SES schools showed more
positive math achievement growth in comparison with similar peers in mixed-SES
schools. Differential analyses by individual SES further revealed that the negative
relationship between mixed-SES schools and math achievement growth appeared to be
the strongest for high-SES students.
Our finding that students in high-SES schools showed higher math achievement as
compared to students in low-SES schools is in line with findings of other research on this
topic (Agirdag et al., 2012; Battistich et al., 1995; Driessen, 2002; Dumay & Dupriez,
2008; Peetsma et al., 2006; Strand, 1997; Van der Slik et al., 2006; Willms, 2010).
Different explanations have been advanced for this positive effect of high-SES schools. For
example, it has been suggested that school tend to adapt the general difficulty level to the
average level of their students. As such, in schools with large numbers of children whose
parents have had little schooling, teachers tend to lower the educational level by focusing
more on basic skills and less on higher order skills (Peetsma et al., 2006). It has also been
found that teachers hold higher expectations of their students with students’ potential to
achieve in high-SES than in low-SES schools (Rubie-Davies, Flint, & McDonald, 2012;
Timmermans, Kuyper, &Werf, 2015). Research has shown that when teachers have high
expectations of students, students tend to confirm the expectations, a phenomenon
which is known as ‘self-fulfilling prophecy’ (Rosenthal & Jacobson, 1968). In addition, it
has been argued that in low-SES schools, students experience lower peer pressure levels
to succeed academically, which might discourage them from working harder (OECD,
2001). Finally, it has been proposed that high-SES schools benefit more from parent
support (Opdenakker et al., 2002).
To our knowledge, only two studies have studied the effect of school SES on math
achievement growth throughout primary education (Guldemond & Bosker, 2009;
Verhaeghe et al., 2011). Both studies concluded that although low-SES schools were
associated with lower achievement at the first measurement comparison, no associations
could be foundwith achievement growth. As such, these studies’ findings are opposite to
the findings of the present study, as we found a positive association between low-SES
school composition and achievement at the first measurement occasion but a negative
relation between low-SES school composition and achievement growth. There are several
reasons forwhy our findingsmay be different from these two previous studies. First, these
two studies did not control as extensively for selection bias as our study anddidnot apply a
quasi-experimental approach. Second, these studies did not control for the achievement
composition of the school. As such, it might be possible that the lower achievement they
found to be associated with the first measurement occasion was the sheer result of the
differences in background characteristics or the lower achievement level that is often
found in low-SES schools, as these two types of school composition are highly correlated
(Belfi et al., 2015; Willms, 2006, 2010).
Furthermore, our finding that students showed more achievement growth in more
homogenous schools (i.e., high- and medium-SES schools) than in heterogonous schools
where therewas amix in terms of student SES, are in accordancewith researchfindings on
homogenous versus heterogeneous school achievement compositions (Hong, Corter,
Hong, & Pelletier, 2012; Hoxby & Weingarth, 2005; Pinto, 2012). Several causal paths
have been proposed throughwhich the beneficial effect of homogeneous grouping could
take place. First, children with different achievement levels, but also children with
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different SES levels, differ in terms of interests, prior experiences, readiness, and learning
profiles. While it is generally the goal of teachers to ensure that every student learns
effectively, research has shown that class groupings with a wide variety in student types,
present teachers with complex and difficult pedagogical dilemma’s (Tomlinson et al.,
2003). Even when teachers attempt to apply differentiated instruction, this is often made
in ways that are limited or ineffective. Teachers seem particularly resistant to adapting or
modifying materials, planning lessons for individuals, and changing evaluation proce-
dures (Schumm et al., 1995). Research has further shown that in heterogeneous classes
with amosaic of students, especially themore able students tend to fall short (Hong et al.,
2012; Tomlinson et al., 2003). This is because lower ability children, who on average have
a lower capacity for self-regulation, typically need more direct guidance and more
frequent assistance from the teacher (Hong et al., 2012). Furthermore, it has been
indicated that teachers often lack knowledge on how to modify the curriculum for
students whose proficiencies extend beyond those prescribed by grade-level curricula
(Tomlinson et al., 2003). As SES and achievement are highly related (Belfi et al., 2015),
these examples could also offer an explanation for our finding that especially students
with higher individual SES levels are disadvantaged by heterogeneous, mixed-SES school
settings. This suggests that teachers should invest more equally in low- and high-SES
students, as every student deserves the same possibilities to develop as much as he or she
can.
Strengths and limitations
We believe that the present study has made a meaningful contribution to the available
research on primary school socio-economic composition. To make this contribution, we
have used data from a large primary school sample, followed students throughout primary
education, matched students attending schools with different socio-economic compo-
sition types on a large set of student characteristics, and studied differential effects by
student SES.
However, apart from these strengths, some limitations should be noted. A first concern
may stem from the propensity score matching method itself. It still cannot be definitely
ruled out that difference between the school SES types is not the result of selection bias on
unobservables (Becker, L€udtke, Trautwein, K€oller, & Baumert, 2012). Such bias may be
caused by unreliability of the measures or by failure to control for unobserved
confounding variables. In this case, the samples would not be fully comparable, and the
differences observed in the outcome variable might be explained by the remaining
heterogeneity of the groups. This is a common problem ofmethods relying on the control
of observed characteristics as regression and propensity score matching and cannot be
resolved with the existing data. A different study design, for example a longitudinal study
with several measurement occasions before the transition to primary school, would help
to address this problem by gauging the degree of change in the development trajectory
after the transition to different school socio-economic compositions relative to the
students’ previous development (Raudenbush, 2001). Nonetheless, the model presented
here contains more information to control for selection bias than has been the case in
previous research. At the same time, it makes less extreme statistical assumptions and
gives more information about the generalizability of the effects than regression analysis.
Second, because school SES was measured categorically, some variation within this
variable was not considered. It is possible that small variations within the different
categories may have led to small differences in the results. This is an inherent problem of
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the propensity score matching framework (Crosnoe, 2009). Yet, we believe that the
advantages of the propensity score matching approach (i.e., better control for selection
bias and less extrapolation of portions of the covariate space where there are no data)
outweigh this disadvantage.
Finally, students’ achievement development was only studied with respect to
mathematical development. To obtain a more detailed picture of how socio-economic
school composition affects students’ achievement development, other domains, such as
language and science, should be studied. These limitations should be addressed in future
research.
Conclusions
In sum, we have found a clear effect of school socio-economic composition on student
math achievement growth throughout primary education. More specifically, high-SES
schools were found to be most beneficial for students’ math development and mixed-SES
schools the least. The negative effects of mixed-SES schools (as compared tomedium- and
high-SES schools) were found to be most prominent for high-SES students. Despite some
limitations, our study suggests that propensity score matching might be a viable way for
studying the effects of school socio-economic composition.
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